Habitat heterogeneity measures included the presence of coppicing, open areas such as 35 rides and riparian zones and the difference between species assemblages in different plots in the 36 woodland. Results suggest that to maximize vascular plant diversity, woodlands should be managed 37 for heterogeneity. In addition, the increase in richness with exposure to surrounding natural habitats 38 suggests that woodlands should be large and connected. This implies that if possible current 39 woodlands should be increased in size, rather than creating new smaller disconnected sites. 40
Summary 11
1. The loss of plant biodiversity in Great Britain is a major concern, with a fifth of species endangered 12 or vulnerable according to the latest IUCN Red List. The Government's 25 Year Plan for the 13 environment [Defra, 2018] aims to halt this loss and build new habitats, including new woodlands. To 14 ensure that biodiversity loss is halted in existing woodlands and gain is maximised in new ones, we 15 need to better understand which drivers have been most influential in controlling biodiversity. Here 16 we focus on vascular plant species' richness. 17 2. Previous attempts to explain plant species richness have mainly focussed on alpha diversity in a 18 consistent, fixed unit area. Here, we additionally undertake a novel analysis of the effects of 19 environmental heterogeneity and abiotic factors on species-area relationships derived from 16 20 randomly placed quadrats in each of 103 semi-natural, broad-leaved woodlands across Britain. 21 Species-area relationships were examined at two scales (4m 2 to 200m 2 and 200m 2 to 3200m 2 ) to 22 explore the relationship between the drivers of species richness and the exponent z, of the canonical 23 species-area curve, S = cA z . We also explore the use of a new metric ζr, based on zeta diversity to 24 quantify heterogeneity. 25 3. Habitat heterogeneity increased species richness, as did the exposure of the woodlands to 26 surrounding natural habitats. Higher levels of soil organic matter and the progression of woodlands 27 to later successional stages, decreased species richness. Richness was also seen to have a unimodal 28 response to soil acidity with a peak around pH6. At the smaller scale, heterogeneity elements in the 29 woodland such as riparian zones or coppicing led to an increase in the value of the exponent of the 30 species area curve. At the larger scale, species turnover led to an increase in the exponent of the curves 31 while succession led to a decrease. At both scales, soil organic matter content had a negative effect. ζr 32 was found to be a significant and important variable and to affect both species richness and the slope 33 of the species accumulation curves at larger scales. 34
Introduction 43
Biodiversity worldwide continues to decline [Butchart et al., 2010 , Tittensor et al., 2014 and Britain is 44 no exception to this trend [Hayhow et al., 2016] . The IUCN Red List for the UK shows 22% of plant taxa 45 as critically endangered, endangered or vulnerable [Stroh et al., 2014] . Biodiversity is important for 46 ecosystem function [Gaston & Spicer, 2004] , with woodlands performing specific additional functions 47 including the improvement of water quality, carbon sequestration [Slee and Kyle, n.d], nectar provision 48 within farmed landscapes [Baude et al 2016] and the provision of habitats for other taxa [Amar et al., 49 2006 , Fuller & Warren, 1993 . 50
The aims of the new 25-Year Environment Plan [Defra, 2018] include achieving "thriving plants and 51 wildlife", planting 180,000 hectares of new woodland and ensuring that existing woodlands are better 52 managed. However, more woodland is not necessarily the answer to biodiversity loss if we cannot 53 ascertain why our current woodlands are not thriving. 54
This study was aimed at finding the main drivers of vascular plant species richness in British broad-55 leaved semi-natural woodlands to provide research-based evidence on how best to manage, maintain 56 and increase their plant biodiversity. This research is the only work of its kind that analyses diversity 57 as the slope of the species area relationship expressed across multiple samples at the national scale. 58 Table 1 summarises variables that have been shown in the literature to affect plant species richness  61 and which can also be obtained from the CEH Woodland Survey database [Kirby et al., 1971 ]. This is 62 not intended as a comprehensive review and only represents a small selection of the rich literature in 63 this area. Indeed, the papers cited discuss results for multiple factors affecting species richness. The 64 reason for this summary is to justify the selection of predictor variables by appealing to prior 65 knowledge. This is important due to the model averaging procedure used as part of this analysis which 66 is described in more detail below. 67 68
SUMMARY OF FACTORS THAT HAVE BEEN SHOWN TO AFFECT SPECIES RICHNESS 60

Factor
Relationship to species richness Habitat heterogeneity is known to be important for biodiversity [Gardener, 2010] , but it is not trivial 73 to quantify and has been expressed in many ways. Honnay et al., [1999] used length of rides, number 74 of soil types and a ratio of perimeter and area. Schmidt [2005] used the presence of logging trails, and 75
Bàldi [2008] used the number of CORINE land cover codes. In this work several methods were used 76 to quantify heterogeneity as shown in table 2. However, these methods have some weaknesses. PHI 77 (Positive Heterogeneity Index, see table 2 for more details) requires additional work to collect the 78 information and does not indicate the concentration of elements. For example, if a woodland shows 79 considerable signs of woodland management, only one code is entered, and the PHI increases by 1 for 80 woodlands with both a large or a small amount of management. In addition, the number of elements 81 included depend on the additional area of woodland that surveyors cover. A new metric was therefore 82 generated based on zeta diversity [Hui & McGeoch, 2014 ] to provide a simple, objective measure. ζ 1 is the average number of species in each plot ζ2, is the average number of species shared between 88 every combination of two plots. If plots contain the same species, then ζ1 -ζ2, = 0. If all plots contain 89 different species then ζ1 -ζ2, = ζ1. 90 A homogeneous woodland is more likely to contain species that occur in many plots, whereas a 91 heterogeneous woodland is more likely to have plots containing different species. This suggests a 92 method of comparing heterogeneity between woodlands using the ratio, 93
The more homogeneous the woodland, the closer the value of ζr to zero. There is sometimes 95 concern that the use of a diversity metric to predict richness introduces a circularity. This is not the 96 case when using the ratio ζr. ζr can take values between 0 and 1. The value depends on the difference 97 between average numbers of species in each plot to the average number shared between two plots 98 and not on the richness of the plots. For example, in homogeneous species rich or species poor 99 woodlands the values of ζ1 and ζ2 will be similar, and therefore ζr will approach 0. The converse 100 occurs for a heterogeneous woodland. The ratio ζr is not, therefore, a predictor of richness, it can 101 take values between 0 and 1 for both species rich and species poor woodlands, it is a predictor of 102 species turnover. 103 ζr can be seen to be like Jaccard's dissimilarity index, with the extension that here the use of ζ 104 diversity calculations allows us to easily use multiple plots. 105
The zeta values for each woodland were calculated using the zetadiv function in R, [Latombe et al., The smallest scale used species accumulated across a concentrically nested set of square quadrats. 117 (This z value will be referred to as nest z). These are typically referred to as species area curves and z 118 values of around 0.25 were first proposed by Preston [1960] as being the result of sampling from log-119 normal species distributions. Other authors have suggested that the z value at this scale has no 120 biological meaning [Connor et al, 1983 , Tjorve & Tjorve, 2017 but is a result of species distribution. 121
Using neutral models Cencini et al [2012] predicted that population size affects the shape of the 122 curve while Sugihara [1979] concludes that the value of 0.25 reflects community structure. Further, each plot was itself nested with sub-areas of 4m 2 , 25m 2 , 50m 2 , 100m 2 and 200m 2 (see figure  139 1). 140
All flora was recorded within each plot. Additional plot data were collected, including diameter at 141 breast height (DBH) of trees, live basal area (LBA) of trees and shrubs, soil pH, soil organic matter 142 (SOM) content, National Vegetation Classification (NVC) code, and major soil group (MSG). Additional 143 woodland information was also recorded, such as whether there were signs of woodland 144 management, the presence of riparian zones and open areas such as glades or rides. Table 2  145 summarises the information taken from the dataset and details how it was transformed to create 146 predictor variables. 147
The richness for each woodland was calculated to be the unique number of species in the total 16 148 plots surveyed. The variables within the database were at different scales, plot level and woodland 149 level. Plot level variables, such as pH, DBH or SOM, were scaled appropriately to the richness by 150 taking the mean per woodland. Site level variables were buffer, number of NVC codes, number of 151 major soil groups, area ratio and PHI. The variables fall into two categories; those which represent 152 heterogeneity and those which describe average site conditions. The bold code H or S in column 2 153 of corresponded to an element that has been shown by previous authors to be positively correlated with vascular plant species richness. This sum was used as an explanatory variable -PHI. The greater the PHI, the more elements within the woodland that could increase richness by increasing heterogeneity of conditions.
Northing
S Latitude
Buffer H The proportion of land around the wood (to 3500m from the edge) that is not arable, improved grassland or urban. The larger the buffer, the more the surrounding area can be considered as positive for species richness. This variable therefore equates to the inverse of isolation and measures the favourability of the matrix within which each woodland was embedded.
Number of major soil groups (MSG)
S
The number of major soil group codes in each woodland. Area ratio H The ratio of area to perimeter of the site. This is a measure of the number of habitats the woodland is exposed to [Honnay et al, 1999] . ζr H The ratio of ζ1-ζ2 to ζ1, quantifying species turnover between plots. 
Number of
MODELLING 158
The modelling was designed to answer three questions as follows: 159 1) Which variables had most influence on species richness of the entire woodland? Since highly correlated predictor variables are undesirable [Freckleton, 2010] the correlation 178 coefficients of all variables were examined, and it was found that all variables had Spearman and 179
Pearson correlation coefficients below 0.54. The variance inflation factors of the models were also 180 examined and were all below 2. 181
Once the predictor variables were selected the dataset was standardized as suggested by Gelman, 182 [2008] . This gives parameter effect sizes that can be compared directly (two standard deviations of 183 change in the predictor variable will result in the effect size change in the response). A linear model 184 was created using all the variables. The dredge function in the MuMin package in R [Barton, 2018] was 185 used to create a set of models containing all permutations of the variable set. These were ranked 186 according to the AIC. The model with the lowest AIC is considered the model that best represents the 187 data. This method will always produce a best model, but that model is only "best" relative to all the 188 other models generated. It is therefore important to ascertain the goodness of fit of the initial linear 189 model used [Symonds & Moussalli, 2010] . The goodness of fit of the models using all the parameters 190 was ascertained by examining the fitted values against the residuals and by considering the value of 191 R 2 . None of the models showed any pattern in the residuals. For the species richness models R 2 was 192 0.47. For nest z, 0.33 and for plot z, 0.47. 193
All models within an AIC of between two to seven can be considered as equally good [Burnham et al., 194 2010] and used to create a model set. The parameter effect sizes are then averaged across this model 195 set and a 95% confidence interval obtained. If this confidence interval does not cross zero, these 196 predictors are considered significant, [Kimberley et al., 2014] . In this work, models within AIC of 2 (δ < 197 2) of the highest ranked model were initially selected. The effect of increasing δ was then examined. If 198 more variables were introduced which had confidence intervals that crossed zero, the lower value was 199 used to avoid including redundant models [Grueber et al., 2011] . The relative importance of each effect 200 size was also obtained, [Burnham, 2015] . Relative importance is a measure of the probability that a 201 variable is present in the model set. in R was used, [Ridgeway, 2017] . 216
The data was split into train and test sets using a 75/25 ratio. The GBM also uses a random subset of 217 training data and so automatically provides a validation set. The values that are not selected can be 218 used to give an "out of bag" (OOB) prediction error for the model. Over fitting was addressed using the ntrees function of the gbm library. This function looks at the 224 prediction error on the OOB set, and the number of trees is set as the value when this error stops 225 decreasing and starts to increase. The rmse error of the train was half that of the test set, suggesting 226 some overfitting. However, the test set rmse was comparable to that obtained using model-averaging. 227
To extract the variables which most influence species richness the relative influence (RI) of each 228 variable was used, [Natekin & Knoll, 2013] . The percentage decrease in rmse is averaged for each 229 variable over each time a variable was chosen to make a binary split in the data. The variable which 230 has greatest RI is best at splitting the data and predicting the response. 231
Decision tree methods such as GBMs sometimes do not give stable results for RI, [Nicodemus et al., 232 2007] . Therefore, each model was repeated 100 times and the variables ranked by the average values 233 of RI. The value of RI is relative and therefore subjective. In this work variables which had RI above 10% 234 were selected as important for species richness. 235
The benefit of using these two modelling methods is their ability to detect different responses. Model-236 averaging detects linear relationship whereas the GBM can detect more complex patterns in the data, 237 [James et al, 2013] . 238
SCALE DEPENDENCE OF SPECIES RICHNESS 240
This part of the work involved calculating species area curves across the nests from 4m 2 to 200m 2 . 241
These correspond to type I nested curves as described by Scheiner [2003] . At the larger scale species 242 were accumulated across the plots from 200m 2 to 3200m 2 , as shown in figure 1 . plot in the woodland, i.e. the woodland is homogeneous. This is not the case for this data, the species 249 are grouped into assemblages. Therefore, we took a different approach to maintain this spatial 250 information. First, species were accumulated in such a way as to give a minimum gradient to the 251 species accumulation curve. This is equivalent to grouping all similar species assemblages together. 252
Secondly, species were accumulated to give a maximum gradient. This is equivalent to arranging the 253 plots in the most heterogeneous manner. Since these two cases represent two extremes in the 254 woodland (the most homogenous and the most heterogeneous) an average was taken of the two 255 resulting curves. This spatially explicit method is similar to a type III curve, as described by Scheiner 256 [2003] , where mean diversities of adjacent plots are calculated, but here adjacency is in terms of 257 species assemblage's similarity or dissimilarity. In order to check the fit of this method the R 2 value of 258 the log/log transform was calculated and found to be greater than 0.94 for three quarters of the 259 woodlands. At both scales the gradients of the log/log transform of the curves were used as z (see 260 supplementary material for more information). The z values at the two scales were then modelled 261 with the same variables used to model species richness, as listed in table 2. Table 3 shows the parameters with relative influence of 10 or above in the GBM. ζr and PHI are again 274 selected as important for predicting richness. The GBM also selects mean LBA, mean pH and Northing. The size of the buffer relates to the amount of the woodland that is exposed to natural habitats and 325 therefore has two potential effects. Firstly, the larger the buffer the more connected the woodland 326 (habitat fragmentation is known to have a negative impact on biodiversity, [ shows a negative correlation, suggesting that the increased richness could be due to the addition of 340 light-demanding species. 341
The Scottish woodlands might also consist of plant communities which tend to be richer. For example, 342
if Scottish woodlands were predominantly W6 eutrophic Alder woodlands, they would be richer than 343 W14 beech woods which are common in the South. However, figure 7 shows that this is not the case. 344
The distribution of NVC communities is similar in the North and South. What is noticeable, however, 345
is that for the same community, richness tends to be greater in Scotland (figure 8 ). This suggests that 346 other variables, not availabe in this dataset, may be responsible for the increased richness in Scottish 347 woodlands, or that a combination of positive predictors is more likely to co-occur in the more Northern Of these, only W6, 5% of the total, are potentially on peat, but W6 is a high nutrient, high richness 362 community. It is therefore unlikely that the reduced richness with SOM is caused by reduced richness 363 expected on organic soils. 364
The reduced richness could be due to low pH on other soil types since increased SOM has been shown 365 to decrease pH [Russell, 1960; Williams & McDonald, 1960] . On the other hand, adding SOM can also 366 increase pH, depending on the initial acidity of the soil and the nature of the litter [Ritchie & Dolling, 367 1985] . In this analysis, increased SOM appears to correlate with either decreased or no change in pH 368 ( figure 9 ). 369 Figure 10 shows that all the common NVC communities tend to show reduced richness as SOM 370 increases, regardless of soil type. Given also that the NVC code represents a community with similar 371 physical conditions, such as nutrient levels, soil pH and light levels, and while the response to richness 372 with increased SOM is seen across all communities, this finding implies that the variation in richness 373 Table 3 . Soil types for the most common NVC codes in this data with SOM is unlikely to be due solely to one of those physical conditions, but perhaps to another factor 374 not measured in this dataset. 375 376 377 which might be reflected in the Ellenberg N values [Maskell et al., 2010] . Therefore, if woodlands 384 with smaller buffers showed both increased Ellenberg N values and increased SOM, nitrogen 385 deposition might be the mechanism behind the change in SOM and the reduced richness. In support 386 of this figure 11 shows that while buffer is negatively correlated with Ellenberg N values, but, in 387 In summary, whilst SOM is negatively correlated with species richness, the causal mechanism is not 392 evident. However, other authors, using modelled estimates of nitrogen deposition rather than 393
Ellenberg N values with this dataset have shown positive correlation between SOM and modelled 394 nitrogen deposition, [Kirby, 2005] . It is also interesting to note that nitrogen deposition values were 395 on average lower in Scotland [RoTaP, 2012] , which may be another factor contributing to the increased 396 richness of the more Northern woodlands. 397
398 Figure 11 . Change in mean SOM and Ellenberg N values with Buffer size. If nitrogen deposition was leading to increased SOM, then woodlands with smaller buffers would have greater SOM and larger Ellenberg N. The graph on the right shows that smaller buffers correlates with higher Ellenberg N, but not to greater mean SOM.
SOIL pH 399
The GBM selected mean pH as important for predicting species richness. Figure 12 The fitted nest z values were distributed around 0.25. This agrees with the value of z predicted by other 406 authors [Preston, 1962 , Connor et al., 1983 Sugihara, 1976] . At the larger scale, plot z was found to 407 be distributed around 0. The species richness model explained 47% of the variance in plant richness. Since we chose only those 436 variables that we both knew were likely to affect richness and that were available within the dataset, 437 several important potential variables were omitted which may improve the explanatory power of the 438 model. Woodland age and past land use have been shown to affect species composition [Hermy, 439 1994 Results presented here suggest that ζr is a useful way to quantify species turnover. This variable was 455 selected as the most influential by the GBM and was significant when used in model-averaging. The 456 fact that ζr was a significant parameter when modelling the slope of species accumulation curves 457 across the wood, but not when modelling the slope of species area curves across plots, demonstrates 458 that it quantifies species turnover. This metric could be easily generated from species lists as an 459 indicator to woodland managers of the number of different habitats within the woodlands. 460 461 Chiarucci, A., Bacaro, G., Rocchini, D., Ricotta, C., Palmer, M.W., Scheiner, S.M., (2009), Spatially 508 constrained rarefaction: incorporating the autocorrelated structure of biological communities into 509 sample-based rarefaction, Community Ecology, 10(2), pp209 -214 510
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